Results of Principal Component Analyses of morphometric data
The distributions of the four size-invariant morphological parameters (circularity ratio, box ratio, elongation ratio and compactness coefficient, Table S2 ), which relate to test shape, were analysed within each sample (manually collected dataset) using principal component analysis (PCA) (representative sample shown in main text). The presence of multiple clusters and thus multiple growth stages can also be supported by undertaking Anderson-Darling test for normality on the first principle component site scores. Fourteen of the 32 samples display a non-normal distribution (Table S3) indicating that in those 14 samples both pre-adult and adult specimens are likely present. To assess the relationship between the test size and the test shape the log-transformed maximum diameter of each specimen was plotted against the first principal component scores (for example, see main text). The two parameters correlated with each other in 12 of the 32 samples (Table S3 ) (four samples were discounted from the total of 36 samples due to the number of specimens being less than 15, see main text; Figure S4 ). The linear correlation coefficients (r values) were between −0.48 and 0.51, which suggests variable relationship between shape and size, i.e. positive correlation -as a specimen becomes larger it also becomes more rounded or in the case of negative correlations the specimens were more rounded the smaller they were. The result from the largest sample is shown in Figure S5 . To assess the relationship between the shape and the size parameters in each set of samples, PCA was performed on the mean values of the log-transformed maximum diameter and the mean values of each size-invariant morphological parameter of the 36 sets of data ( Figure S6 , Table S4 ). Three principal components explain 99.9% of the variability in the dataset. The first principal component (F1) is strongly correlated with the size-invariant variables (Table S4 ). It increases with increasing circularity, elongation and box ratio and increases with decreasing compactness coefficient. This suggests that these four criteria covary. F1 can therefore be viewed as a measure of circularity ratio, elongation ratio, box ratio, and compactness coefficient. F1 correlates most strongly with elongation ratio and box ratio with correlation coefficients of 0.819 and 0.792 (Table S4) indicating that the first principal component is primarily a measure of these two variables and the observed variability in the dataset is related to changes in elongation in two dimensions, i.e. how elongate or round the specimens are, which relates to the ratio between the minor axis and major axis. The second principal component (F2) is also correlated with circularity ratio, elongation ratio, box ratio, and compactness coefficient, but to a lesser degree. Strongest correlation is recorded between circularity ratio and F2 (−0.641) (Table S4) , so this component (F2) can be viewed as a measure of how close to a perfect sphere the specimens are. The third principal component ( Figure S7 -F1-F3 biplot) only makes up 17% of the total variability in the dataset in comparison to the 49% and 33% of contribution of F1 and F2, respectively. However, it does show a strong positive correlation with maximum diameter (r = 0.840, Table S4 Xmaj) suggesting that this component is a measure of specimen size. The biplot of the PCA results reveal these strong correlations between the principal components and the variables. PCA biplots are used mainly to determine groupings of observations based on the positions of the variables with respect to the principle components. In Figure S7 the observations are scattered across both F1 and F2 and that observations which belong to the same seasons do not cluster together. The dataset used for the PCA analysis was separated out based on the presence/absence of correlation between log-transformed MD and first principal component scores of PCA on size-invariant morphological parameters within a given sample. Two PCAs were carried out on the datasets separated by the presence/absence of correlation between log-transformed maximum diameter and F1 of the PCA conducted on the normalised size-invariant morphological dataset (Table S2) . These showed similar results to the PCA that was carried out on the dataset which was not separated by the correlation ( Figure S8 , Table S4 ). Neither PCA show any clear clustering of points based on seasonal separation of the data ( Figure S8 ). Differences arise when the impact of the morphological variables is considered on the principle components. In the dataset where no correlation exits between the log-transformed MD and the first principal component scores of PCA on size-invariant morphological parameters 99% of the variability can be explained by three principal components ( Figure S8 ) which is similar to the results of the PCA analysis conducted on the entire dataset together ( Figure S7 ). Correlation between the morphological variables and the principal components ( Figure S8 ) is also similar to the relationships identified in the PCA of the data from the 32 sediment trap samples ( Figure S7 ): F1 and F2 correlate strongly with size-invariant variables, F3 with log-transformed maximum diameter, but the directions of the correlations are the opposite. In Figure S7 (dataset where samples show no relationship between shape and size) F1 is most strongly correlated with compactness coefficient and circularity ratio (r = 0.867 and -0.864 respectively), suggesting that it is a measure of how compact and perfectly spherical a specimen is. F2 shows similarly strong correlations with elongation ratio and box ratio (r= 0.817 and 0.837), therefore we can consider F2 to be a measure of how elongated a specimen is in two dimensions (box ratio is equal to the ratio between minimum diameter and maximum diameter). In the dataset where samples show a significant relationship between shape and size the first two principal components can explain over 90% of the variability. Here F1 is strongly correlated with the size-invariant variables and F2 with the log-transformed maximum diameter ( Figure S8 ). Similarly to the results of the PCA conducted on the entire dataset prior to splitting it up ( Figure S6 ) F1 is most strongly correlated with elongation ratio and box ratio (r=0.941 and 0.939, respectively), therefore it can be considered to be a measure of these two variables. F2 is a measure of specimen size as it is only correlated with logtransformed maximum diameter (r= 0.83). Hence, based on these findings, the results of the PCA conducted on the original dataset of 36 observations is highly influenced by the samples where a statistically significant relationship exists between the log-transformed MD (indicative of specimen size) and the size-invariant morphological parameters (indicative of shape). The lack of clustering into groups in any of the PCA biplots indicates that the observed morphological variability is related to a combination of environmental parameters acting on the wellbeing of the foraminifera (see main text for discussion). Table S2 . Seasons are identified as: green = spring, red = summer, orange = autumn, and blue = winter.
To summarise the findings of this section:
• Statistical analysis supports the use of log-transformed maximum diameter as a measure of Nps size in a population ( Figure S3 ).
• Inter-and intra-annual variability of Nps size is supported by statistical analysis.
• Specimens of different life stages are identified in 14 out of 32 samples by PCA.
• Positive and negative linear correlation between test shape and test size is found in 12 out of 32 samples.
• PCA revealed that size-invariant morphological parameters, particularly elongation and box ratio exert the greatest influence on test shape.
• The results of the PCA conducted on the entire dataset (36 samples) are strongly influenced by samples where statistically significant correlation exists between test shape and test size.
• The PCA analyses revealed no clustering of data points related to the seasons the samples derive from suggesting that the morphological variability is the result of a combination of variable environmental parameters (food availability, temperature, sea ice, etc). 
Comparing automated and manual morphometric data

